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INTRODUCTION
The processes and characteristics of a natural system are conceptualized and modelled to represent the response behaviours of a system to inputs, environmental conditions and states. Hydrological models are among those models built based on the modellers' conceptual understanding of the hydrological processes in catchments. In principle, hydrological models can be applied to predict catchment runoff if the inputs and conditioning data (i.e. mainly the observed runoff) are available to verify its applicability. However, the locations and availability of the conditioning data are influenced by several factors such as the operational purposes of the project, water infrastructure developments, insufficient funding and lack of appreciation for the value of long-term hydrological data, among others (for details, the reader is referred to , Kirchner 2006 , Mishra and Coulibaly 2009 , GRDC 2012 . Due to the declining trend in the number of runoff observation stations because of the above-mentioned factors, there are many ungauged sites where runoff data cannot easily be made available. However, precipitation and temperature input data are more widely available at several sites. Thus, a concept of hydrological regionalization can be useful in hydrological model applications where there is missing runoff information, by taking advantage of the similarity in responses between catchments .
Runoff at ungauged catchments can be estimated either by directly weighting observed runoff from gauged catchments (e.g. Skøien and Blöschl 2007, Vormoor et al. 2011) or by using hydrological models (e.g. Kokkonen et al. 2003 , Bárdossy 2007 . The techniques are hydrological regionalization approaches aimed at estimating the unobserved runoff at ungauged catchments. Parajka et al. (2005) studied regional hydrological model parameter (MP) estimation methods by categorizing the approaches into four groups based on arithmetic mean of locally calibrated parameters, spatial proximity of donor catchments, regressions between independently calibrated parameters and catchment attributes (CATRs), and application of complete parameter sets from the physiographically most similar donor catchments. Reviews of the spatial proximity and regressionbased regional hydrological MP estimation approaches can also be found in Vogel (2006) . Engeland and Hisdal (2009) compared the performances between a regional regression-based method (i.e. between low-flow index and optimal set of CATRs) and a gridded version of the Hydrologiska Byråns Vattenbalansavdelning (HBV) model (Beldring et al. 2003) to estimate low-flow indices at ungauged catchments in southwestern Norway. They concluded that estimation of the low-flow index was generally better achieved by the regression-based method than by applying the HBV model. Seibert (1999) studied the HBV model and found that about half of the parameters have significant (explained variance R 2 ≥ 0.25) functional relationships to CATRs. Seibert (1999) also found that the regionalization relationships for lake percentage and soil parameters could not be explained by hydrologic reasoning, while relationships for forest percentage and snow parameters supported the process basis of the model. In contrast, Kokkonen et al. (2003) used the IHACRESI (i.e. identification of unit hydrographs and component flows from rainfall, evaporation and streamflow data) model with six parameters and suggested that high significance of regression did not guarantee a set of parameters with good predictive capability. Furthermore, Parajka et al. (2005) , who applied the HBV hydrological model on a set of 320 Austrian catchments, found that MP estimation techniques based on kriging (i.e. spatial proximity group) and similarity (i.e. complete parameter set group) improved the model performance compared to that when the MPs were estimated by the arithmetic mean and regression-based techniques. Bárdossy (2007) also investigated the complete parameter set MP transfer option and concluded that regionalization should focus not on relating individual parameter values to catchment properties, but on relating them to compatible parameter sets or vectors. Despite the potential correlation between locally calibrated MPs and CATRs, the regression-based approach to MP regionalization cannot be generalized due to the uniqueness of catchment runoff processes and equifinality of parameter sets (Beven and Freer 2001) . McIntyre et al. (2005) applied ensemble modelling and weighted averaging to account for sources of uncertainty in estimating runoff at ungauged catchments. Their method considers the relationship between physiographic catchment descriptors (CDs) and MPs to integrate the CD-MP response surface likelihood across a representative range of CDs. The method allows continuous joint distribution functions of MPs due to differences in the CDs to be produced and can provide an estimate of the uncertainty in the runoff ensemble predictions. McIntyre et al. (2005) used physical catchment similarity measures to select donor catchments. The approach was considered as advantageous over regression-based regionalization since it maintains the MPs as a set and implicitly accounts for parameter interactions. Oudin et al. (2008) investigated the regression, spatial proximity and physical-similarity-based regionalization approaches and found that the spatial proximity model averaging performed slightly better than the physical similarity model averaging. They also found that the result from the regression approach was the least satisfactory compared to the other methods. Reichl et al. (2009) extended the work of McIntyre et al. (2005) and Oudin et al. (2008) , while optimizing the physical similarity measures for estimating the prior likelihood that a model from a donor catchment will adequately represent the target ungauged catchment. They reported that the result was superior to those obtained by McIntyre et al. (2005) and Oudin et al. (2008) . Oudin et al. (2010) investigated two catchment similarity approaches: the apparent similarity defined on the basis of observable physical catchment properties, and behavioural similarity defined on the basis of MP transferability. They applied optimized physical similarity measures to guide the selection of hydrologically similar catchments and found that the significant overlap between the methods of finding hydrologically similar catchments was only 60%. They also reported that blending CDs resulted in substantial improvement in the selection of hydrologically similar catchments. However, they also indicated that the result from the optimal blending of CDs was very close to that of random blending. Yadav et al. (2007) applied the relationship between physical and dynamic response characteristics of catchments to predict hydrologic ensembles in ungauged catchments. They reported that the wetness index, catchment slope and hydrogeology are the dominant catchment characteristics for controlling the catchment responses. Yadav et al. (2007) also found that most of the observed flows were captured by the prediction ensembles when the streamflow indices of high pulse counts, runoff ratio and flow duration slope were used as constraints in the ensemble predictions.
Buytaert and Beven (2009) followed a learning process to transfer the MPs of a modified version of TOPMODEL (a TOPography based hydrological MODEL) into catchments treated as if ungauged. Their study recognizes that traditional regionalization methods ignore the uncertainty in calibrated effective MP values and the uniqueness of catchment responses Freer 2001) . As a result, they argued that it is unlikely that a multiple-parameter-set-based ensemble runoff estimate will yield optimal prediction results without modifying parameter values, even for apparently similar catchments. They considered two cases, one under similar conditions and another under a regime shift condition where change in catchment characteristics was expected to affect the effective MPs. The MPs were transferred by a triangular dispersion function and linear transformation combined with a triangular dispersion function for the first and second cases, respectively. Their results showed that applying a shift parameter and dispersion function bracketed 99% of the observations and widened the prediction limit slightly. However, their modelling approach was unable to bracket the peak flows. Winsemius et al. (2009) used the lumped conceptual HBV model to condition MPs for a basin with limited measurements to reproduce key signatures of observed data within some limits of acceptability. They defined the limits of acceptability based on the analysis of the inter-annual variability of observed streamflow data. In their study, all the model performances within the limits of acceptability were accepted and considered to have equal likelihoods. Their results showed that there was considerable conditioning of the prior MPs. The works of McIntyre et al. (2005) , Buytaert and Beven (2009) and Winsemius et al. (2009) are essentially extensions of the generalized likelihood uncertainty estimation method, which focuses on the conditioning of the prior parameter distributions using informal likelihood measures (Beven and Binley 1992) .
In the Predictions in Ungauged Basin concept, reducing prediction uncertainty by taking advantage of any relevant information to improve the prediction capability of hydrological models at ungauged basins was considered as a quantitative performance measure . Explaining the similarities in relative hydrological response between catchments by the differences in catchment characteristics that control those responses may assist in overcoming the lack of data for constraining model residuals at ungauged catchments.
The aim of this article is to evaluate, for the HBV hydrological model, the transferability of parameter spaces from potential donor catchments to ungauged catchments to estimate the unobserved catchment runoff. The HBV model was originally developed for use in the Scandinavian climate region Forsman 1973, Bergström 1976 ); yet, it has been applied in more than 50 countries since its introduction (e.g. Lidén and Harlin 2000 , Bergström 2006 , Abebe et al. 2010 , Samuel et al. 2011 . Its application for ungauged catchment hydrology was discussed by Bergström (2006) . Moreover, the HBV model has become a standard tool for operational hydrology in Nordic areas (Bergström 2006) . This article particularly investigates the features of the ensemble modelling approach of McIntyre et al. (2005) , extending its application to a new study area to guide the application of the HBV model in ungauged catchments. The study provides new information for HBV model users and adds to the general literature. The work is also a follow-up study that considers the outcomes of earlier work by the authors (Zelelew and Alfredsen 2012) , in which we explored the influence of HBV model parameterization on the variations in model response; we also use the subset of data from the previous study. In this study, the model was applied to simulate catchment runoff at 11 catchments of various sizes as well as their hydroclimatic and physiographic characteristics.
DATA AND MODEL

Case study catchments
Eleven catchments from three river basins located in southern Norway and varying in area between 4.80 and 342 km 2 were considered for the study (Fig. 1, Table 1 ). We selected the study catchments on the quality and availability of data on unregulated streamflow observations and catchment characteristics. The study area receives mean annual precipitation varying between 430 and 3050 mm year -1 and mean annual runoff of between 160 and 2985 mm year -1
. The elevation in the study area ranges between 32 and 1617 m a.s.l. Fig. 1 Location of study catchments, climate and streamflow stations and elevation zones. Note that the map is displayed in UTM32 projected geographical coordinates system. 
Catchment characteristics
We used the physiographic catchment characteristics available from the national digital database of Norway (http://www.statkart.no/Norge_digitalt/). The CATR considered for this study includes the catchment area (A), relief ratio (Rr), baseflow index (BFI), mean annual precipitation (MAP) and proportions of forest (FOR) and bog (BOG) covers within the catchments (Table 1 ). The Rr is the ratio of the total catchment relief (i.e. the elevation difference between the highest and lowest points within the catchment) and representative catchment length. We considered the catchment perimeter as the representative catchment length. The physiographic CATRs were chosen to maximize the physical descriptions of the catchments (i.e. in terms of area, minimum and maximum elevation, perimeter, average slope, FOR and BOG covers). The catchment area A and elevation computations for each study catchment were based on a digital elevation model of resolution 25 × 25 m. The FOR and BOG land covers were based on the national N50 maps (scale 1:50 000). The 1 × 1 km gridded data for the standard period 1961-1990 was used to compute the MAP. The BFI, which is the ratio of baseflow to total flow volume for a given year, was computed using the automated method described in Arnold and Allen (1999) .
The Rr index provides an approximate estimate of the topographic gradient affecting the lateral movement of groundwater in near-surface saturated areas on the entire catchment. High values of Rr should be correlated to efficient lateral redistribution of moisture (Berger and Entekhabi 2001) . Average annual catchment response is a direct reflection of the climatic inputs and proportion of the MAP turned into runoff. Catchment area A is the most important factor for scaling runoff generation and is often applied in hydrological regionalization practices. The baseflow contribution to streamflow from groundwater recharge is dependent on the occurrence, intensity and duration of precipitation, temperature, humidity, wind velocity as well as the characteristics and thickness of soil and rock above the water table, the surface topography, vegetation and land use (Memon 1995) . Groundwater recharge also shows significant spatial and temporal variabilities as a consequence of variations in climatic conditions, land use, water abstraction and hydrological heterogeneity (Osterkamp et al. 1994) . The use of BFI in catchment hydrological response characterization has the potential to integrate the influence of climatic conditions, geological features and catchment characteristics on runoff generation in a single metric. Evapotranspiration and delayed runoff generation are influenced by the proportion of FOR and BOG covers in a catchment.
Input data
To evaluate the performance of the hydrological model for each study catchment, we used three hydrological years (September 2006-August 2009) of unregulated daily streamflow data, a subset of the data used in Zelelew and Alfredsen (2012) . The precipitation input to the hydrological model was prepared in two steps. First, following a multi-criteria evaluation approach (Malczewski 2000) , we identified an appropriate geostatistical method (i.e. ordinary kriging, universal kriging and kriging with external drift considering elevation and distance to coast as covariates) (Goovaerts 1997 (Goovaerts , 2000 , to spatially interpolate the observed daily precipitation. In a second step, the mean precipitation inputs for each catchment were extracted from a prediction grid ranging from 0.2 × 0.2 km to 1 × 1 km. Only the spatial interpolation method that introduced the minimum estimation error was applied to estimate the precipitation input at each study catchment. For detailed information about the precipitation input estimations for each study catchment, the reader is referred to Zelelew and Alfredsen (2012) .
We computed temperature inputs from 15 recording climate stations available in the study area ( Fig. 1) . We classified the study area into temperature zones based on summer (May-October), winter (NovemberApril) and all-season mean temperatures (Engeland and Hisdal 2009 ). We applied the spline with tension option of the ArcMAP radial basis functions to represent the smoothly varying temperature surfaces (Mitáš and Mitášová 1988) . The temperature zone classification is made such that at least one climate station falls within the zone, while keeping a constant mean temperature ratio between consecutive zones. One or combinations of climate station(s) were used to estimate the mean temperature input for a catchment lying within the temperature zones. We applied the Thornthwaite monthly water balance model to compute the model inputs of reference monthly potential evapotranspiration (McCabe and Markstrom 2007).
Hydrological model
We applied the HBV conceptual hydrological model (Bergström 1976 , Killingtveit and Saethun 1995 , Rinde 1999 (Fig. 2) . The model runs on daily values of precipitation, mean temperature and monthly estimates of potential evapotranspiration. The model consists of snow and soil moisture routines and two linear response tanks, upper and lower zones for surface runoff and baseflow generation, respectively. The catchment is divided into 10 elevation zones to simulate the elevation-dependent variability in snow storage. The conceptual descriptions of the model and MPs are given in Fig. 2 and Table 2 , respectively. The model has 15 free MPs that need to be calibrated before it can be used for catchment hydrological applications (Table 2) .
Pre-analysis of model parameter influences on model response variations
The estimation of hydrological MP values is controlled by the information content of model input data that are used to constrain the model residuals (Jakeman and Hornberger 1993, Vrugt et al. 2002) .
Prior to the present study, the authors (Zelelew and Alfredsen 2012) studied the HBV MP contributions to variations in model response under highand low-flow conditions. We applied the Sobolvariance-based sensitivity analysis (Sobol-VBSA) method (Sobol 2001 , Saltelli et al. 2010 to investigate 12 study catchments, including the present ones. Our study showed that variation of only a few MPs significantly influenced the HBV model response. We further showed that varying the values of more than nine influential MPs did not make any substantial change in model performance at any of the study catchments. The present study considered these earlier findings (Zelelew and Alfredsen 2012) and took the influential MPs for the high-and lowflow variations for each study catchment into account.
METHODS
We estimated the runoff in the ungauged catchments and evaluated the performance of the hydrological model following three approaches:
1. Direct MP space transfer from a single donor catchment; 2. MP space transfer from neighbouring donor catchments and 3. MP space transfer from all potential donor catchments.
The methods are briefly described in the following discussion, and the different approaches are presented in Fig. 4 .
Donor catchments selection
We used two factors to select donor catchments: CATR (i.e. physiographic) and geographical distance proximity. For a target ungauged catchment with attribute value CATR i , the dissimilarity of the jth donor catchment to the target ungauged catchment, d j , was computed by the general Euclidean distancebased equation:
where σ is the standard deviation of the specific attribute within the selected set of potential donor catchments and the counter k refers to one of the n CATRs. The natural logarithm transformed values of the CATRs A, FOR, BOG, Rr and MAP were used to account for large differences between the attribute values of the catchment sets.
Runoff estimation
3.2.1 Approach 1: direct model parameter space transfer. In the direct MP space transfer method, the median behavioural MP set from a single physiographically nearest donor catchment was applied to estimate the runoff at the ungauged catchment. The behavioural MP sets are those that lead to model realizations above a given threshold, for example, the threshold set by a model performance measure as applied in this study (e.g. Spear and Hornberger 1980) . Median behavioural parameter sets are considered in this study, as opposed to optimum parameter sets, in recognition of the issue of parameter set equifinality (Beven and Freer 2001) .
3.2.2 Approach 2: transfer of model parameter spaces from neighbouring donor catchments. In this approach, the average runoff values at the ungauged catchments were estimated considering the median behavioural MP sets from five neighbouring donor catchments. The geographical distance proximity between the donor and ungauged catchments within adjacent re-sampled mean elevation zones ( Fig. 1 ) was used to select the neighbouring donor catchments.
3.2.3 Approach 3: ensemble modelling using model parameter spaces of all donor catchments. The average runoff, QðtÞ, in the ensemble modelling framework was computed following the method described in McIntyre et al. (2005) as:
where Q i,j (t) is the runoff obtained by applying the hydrological model and input data at the target ungauged catchment and w i,j is the posterior likelihood, defined by the product of a prior likelihood of the model, P i,j , representing the applicability of the candidate MP set prior to considering the nature of the ungauged catchment and the relative likelihood, B j , (2), N represents the number of candidate MP sets from each donor catchment and S represents the number of potential donor catchments. In the ensemble modelling framework, all the catchments were considered as potential donor catchments to estimate the ungauged catchment runoff. Equation (2) is a general form that can be modified to estimate the ungauged catchment runoff by applying approaches 1 and 2.
Prior and posterior likelihoods computation
The prior likelihood of the model, P i,j , is defined by the success of the MP set to simulate the runoff at the donor gauged catchment. In this study, P i,j was quantified in terms of the normalized Nash-Sutcliffe model efficiency measure (NSE; Nash and Sutcliffe 1970) of the candidate model realizations (i.e. such that all P i,j sum to unity). The likelihood measure considered in this study is the informal likelihood measure, using the same definition as given by Beven and Freer (2001) .
The relative likelihood, B j , that a chosen MP set from a donor catchment will be applicable to simulate the runoff at the target ungauged catchment was computed as (McIntyre et al. 2005) :
where d max is the maximum value of d j for the donor catchment sets. The posterior likelihood, w i,,j , of the ith prior MP set from the jth donor catchment was then computed by (McIntyre et al. 2005) :
All the w i,j values sum to unity.
Modelling set-up and model performance evaluation
Following the MP's influence on the model response pre-analysis, nine influential MPs at both high and low flows were identified for each study catchment. For details of the influential MPs of the individual catchments, the reader is referred to Zelelew and Alfredsen (2012 , Tables 5 and 7 , for high and low flows, respectively). For each study catchment, the prior MP spaces were also set as shown in Fig. 3 ; they differ slightly from the general MP spaces described in Table 2 . We then set up three MP sampling scenarios: Scenario 1: considering all the model parameter spaces;
Scenario 2: considering only the nine most influential model parameters for high flow; and Scenario 3: considering only the nine most influential model parameters for low flow.
We used the Latin Hypercube sampling (LHS) technique to sample the MP spaces. Different seed numbers were assigned during the LHS process to avoid generating the same samples from potentially overlapping MP spaces (Fig. 3) . The values of the least influential MPs were fixed (i.e. only for sampling scenarios 2 and 3) at nominal values within the parameters' range of uncertainty. One thousand MP sample sets from a uniform parameter distribution defined by the lower and upper MP boundary limits (Fig. 3) were generated for each modelling set-up and study catchment. Fifteen days of warming period were considered to minimize the modelling error due to initial states.
We considered the three MP sampling scenarios and investigated the performance of the MP space transfer approaches 1-3 to estimate runoff of the ungauged catchments by applying a jackknife procedure (Miller 1964) . In the jackknife procedure, one catchment at a time was treated as if ungauged and behavioural MP sets from candidate donor catchments (i.e. from a single physiographically nearest, five neighbouring and all potential donor catchments for approaches 1, 2 and 3, respectively) were used to estimate the ungauged catchment runoff values. The NSE (equation (5)) model efficiency measure was used to evaluate the model performance at the ungauged catchments: candidate MP sets with NSE > 0 were considered as behavioural MP sets.
where Q 0 is the observed flow, Q s,i are simulated flows at time step i, Q 0 is the mean observed flow and m is the total number of time steps. Finally, the model performances based on each alternative model space transfer method were compared and evaluated (Fig. 4) .
RESULTS
Donor catchment selection and catchment attribute combination
The sequence of potential donor catchments applied at each study catchment is shown in Table 3 . Ten potential donor catchments were assigned to each ungauged catchment. The CATRs were combined by a step-wise procedure to evaluate the physiographic dissimilarity, d j (equation (1)) between the donor and ungauged catchments. Each d j value was used to compute the posterior likelihood (equation (4)) and subsequently applied to estimate the runoff at the ungauged catchments (equation (2)). The highest model performance was used as the basis for selecting the optimum CATR combination for the ensemble-based MP space transfer method (approach 3). The optimum number of CATRs combined to compute d j varied from three to six, with A and BFI included for all the ungauged catchments (column 2 Table 3 ), reflecting the fact that area and BFI, respectively, play major roles in scaling the runoff and integrating the influence of climatic and physiographic variations on runoff generation. The five neighbouring donor catchments (i.e. for approach 2) selected based on the geographical distance proximity between the donor and ungauged catchments within the adjacent re-sampled mean elevation zones (Fig. 1) are shown in columns 3-7 in Table 3 . The physiographically nearest donor catchment in the case of approach 1 was selected based on the minimum d j value when all the CATRs are combined in the equation (1) framework (bold font in Table 3 ). The assumption in this case was that all the CATRs contribute to the physiographic similarity levels between the catchments and thus they similarly control its hydrological response characteristics.
Likelihood computation
Prior to computing the posterior likelihood (equation (4)), all candidate MP sets with a NSE value of greater than zero at all the potential donor catchments were considered. The posterior likelihood weights of MP sets to simulate the unobserved runoff at the target ungauged catchments for approaches 1 and 2 are equal. In contrast, those obtained using approach 3 carry different weights.
Performance comparison of the model parameter space transfer methods
The summary of the jackknife analysis results considering the three MP sampling scenarios is presented in Fig.  5 . The results are compared in terms of the NSE values computed from the average simulated and observed runoff values at the study catchments. It is shown that transfer approach 1 resulted in relatively poor model performances for the majority of the ungauged catchments (Fig. 5 , top and middle plots); however, better model performance was achieved when applying the neighbouring and all potential donor catchments' MP sets of approaches 2 and 3 (Fig. 5) . Approach 1 was the preferred method on at least two and one ungauged catchments when compared to approaches 2 and 3, respectively, as indicated by the double circles in Fig. 5 (top and middle plots) . However, when the performance of all the methods is compared, the ensemble-based MP space transfer approach (approach 3) gave an overall improved performance to estimate the runoff on at least 10 of the ungauged catchments under the three MP sampling scenarios (Fig. 5, bottom plot) . Therefore, we further evaluate and discuss the results from approach 3 in the remaining parts of this article.
Evaluation of the ensemble-modelling-based model parameter space transfer method
Applying the jackknife evaluation procedure and randomly selecting a starting donor catchment, we identified the MP sets of the donor catchments that simulated the best and least representative runoff values for the ungauged catchments. The screening was done when all MPs, and influential MPs for high-and low-flow variations were sampled. We refer to these donor catchments herein as the "mosteffective" and "least-effective" donor catchments.
Starting with the most-and least-effective donor catchments, we increased the number of donor (4)) and average runoff (QðtÞ; equation (2)) for the ungauged catchments. To evaluate approach 3, the root mean square error (RMSE; equation (6)) and volumetric water balance error (VE; equation (7)) (Lidén and Harlin 2000) were applied, in addition to the NSE, to assess the influence on the error variability and water balance error of using MP sets from multiple donor catchments.
Integrating the parameter sets of multiple donor catchments starting from the most-effective donor catchments and estimating the runoff of the ungauged catchments can have three general possible outcomes. The first possibility is that the characteristics of the hydrological processes and responses at the ungauged and donor catchments match, and the transferred MP sets can sufficiently capture both the magnitude and hydrological response characteristics at the ungauged catchment. In this case, integrating further MP sets would stabilize the model performance, minimizing the RMSE and VE (e.g. Fig. 6 , AUS). The second possibility is that there is marginal improvement in model performance (e.g. Fig. 6 , GJU). In the third possibility, transferring MP sets from a single donor catchment can be sufficient to estimate the runoff at the ungauged catchment. In this case, integrating MP sets from several donor catchments can weaken the model performance (e.g. Fig. 6, KIL) . In general, applying MP sets from one to four donor catchments was sufficient to attain the highest model performance at the ungauged catchments when the most-effective donor catchment was used as a starting donor catchment.
The model performance improved significantly when the least-effective donor catchment MP sets were subsequently integrated with the MP sets of multiple donor catchments. In this case, the approach potentially supplemented the lack of effective MP sets and improved the model performance at the target ungauged catchments (Fig. 6) .
The model performance obtained when MP sets of the most-and least-effective starting donor catchments were used as initial donor catchments represents the HBV hydrological model performance ranges to estimate runoff at ungauged catchments.
Starting with the MP set of any donor catchment and subsequently integrating it with those of multiple donor catchments gave a model performance between the two performance limits (Fig. 6 , inside the shaded area). Furthermore, the results show that the model performance followed similar trends when all MPs and influential MPs for high-and low-flow variations were sampled (Fig. 6) . The result also indicates that, despite the influence of the MP sets of the starting donor catchments, the model performance converged to an average value when all the potential donor catchment MP sets were integrated (Fig. 6) .
Optimal
number of donor catchments Starting from the MP sets of the leasteffective donor catchments and subsequently integrating MP sets of multiple donor catchments substantially improved the model performance at the ungauged catchments (Fig. 6 ). This scenario represents the possibility of randomly selecting the leasteffective MP sets to estimate the runoff at the ungauged catchments. The discussion in this and the following sections is based on the results of the jackknife procedure using the MP sets of the least-effective starting donor catchments and subsequent integration of the multiple donor catchment MP sets to improve the model performance at the ungauged catchments.
Transferring MP sets from five donor catchments was sufficient to attain the maximum model performance and estimate the runoff at catchment GJU ( Fig.  7(a) ). Applying further MP sets reduced the VE marginally when all the MPs were sampled. The model performance sharply increased at catchment AUS by transferring MP sets from the first two donor catchments ( Fig. 7(a) ). In addition, integrating further MP sets reduced the RMSE and VE. Acceptable model performance at catchment AUS was achieved by integrating MP sets from six donor catchments.
The maximum model performance at catchment BOR was achieved when all the MPs from three donor catchments were sampled (Fig. 7(a) ).
However, the ensemble-based MP space transfer method generally resulted in poor model performance at catchment BOR (see also Fig. 5, middle plots) . The result suggests that a unique hydrological response characteristic might exist at the catchment, in which case the transferred MP sets might not be effective to simulate the runoff. This may also suggest that the database used in this study was not sufficient to search for effective MP sets and estimate the runoff at the ungauged catchment. Integrating MP sets from six and four donor catchments improved the model performance at catchments GRS and GRV, respectively (Fig. 7(a) ). The model performance at catchment TAN significantly improved when MP sets from the first two donor catchments were integrated (Fig. 7(a) ). Only a marginal model performance increment was achieved at catchment TAN by integrating MP sets beyond five donor catchments.
Applying MP sets from the first three donor catchments substantially improved the model performance at catchments JON (Fig. 7(b) ). In addition, integrating MP sets from four donor catchments minimized the VE. Integrating MP sets from six donor catchments positioned the model performance at the highest performance level for catchment GRY (Fig. 7(b) ). The maximum model performance was achieved at catchment KIL by integrating MP sets from six donor catchments (Fig. 7(b) ). Despite the poor model performance at catchments HOR and GRA, transfer MP sets from five donor catchments maximized the model runoff predicting capability.
The jackknife model performance evaluation showed that integrating MP sets from two to six donor catchments was generally sufficient to maximize the model performance at the ungauged catchments. The model performance also converged to the highest possible level when MP sets from multiple donor catchments were integrated for all MP sampling scenarios (Fig. 7(a) and (b) ). This model performance convergence characteristic generalizes the applicability of the ensemble modelling framework to estimate runoffs at the ungauged catchments in the study area. Integrating multiple MP sets also stabilized the model performance by minimizing the RMSE and VE.
Though the optimum number of donor catchments applied in the ensemble-and neighbouring donor-catchments-based MP space transfer methods may coincide (i.e. five donor catchments), the actual donor catchments used in the two methods may also differ. In this study, at least two of the donor catchments used in the ensemble-based MP space transfer method are different for seven of the ungauged catchments. In addition, the contribution of the MP sets of the donor catchments to the model performance in the ensemble-based modelling is variable, as defined by equation (4), compared to the constant likelihood weight applied for the neighbouring donor catchment MP sets. The ensemble-based modelling framework is a general approach to transfer the hydrological MP spaces and to estimate runoff at ungauged catchments. However, the neighbouring donor catchments MP space transfer method is the simplest form of the ensemble-based MP space transfer method.
Runoff estimation
By applying the ensemble-based MP space transfer approach (approach 3), the hydrological model performed relatively better at the majority of the catchments located in the upper high-elevation zone, but it performed poorly at catchments located in the lower low-elevation zone of the study area (Figs. 1 and 7(a) and (b) ). Examples of the weighted average runoff estimation at catchments AUS, GRS and HOR are presented in Fig. 8 . The areas of AUS, GRS and HOR are 341.50, 6.45 and 157.10 km 2 , respectively (Table 1) . Despite the catchment size differences, the hydrological response variations in the higher study catchments, AUS and GRS, appear to follow similar seasonal hydrological response characteristics ( Fig. 8(a) and (b)). In contrast, a frequent hydrological response is typical at catchment HOR, which is located in the lower part of the study area (Fig. 8(c) ).
The effectiveness of the transferred MP sets to simulate runoff depends on the similarity of the hydrological responses between the donor and ungauged catchments. The model performance is high at catchment AUS, with NSE, RMSE and VE values of 0.87%, 4.98% and 0.35%, respectively, reflecting that the transferred MP sets are effective to capture the catchment's runoff characteristics ( Fig.  8(a) ). The model performance at catchment GRS is moderate, with NSE, RMSE and VE values of 0.72%, 0.11% and −4.73%, respectively (Fig. 8(b) ). The fact that the catchment size of GRS is small (A = 6.45 km 2 ; Table 1), the observed runoff characteristics reflect the hydrological response details at finer catchment scales in the study area. In such cases, the hydrological processes and response characteristics between large and small catchments may not match, and it may challenge the search for effective MP sets. However, the potential similarity of the hydrological responses characteristics between the donor and target ungauged catchments found in the area is the likely influencing factor contributing to the good model performance at catchment GRS. In contrast, the model performed poorly at catchment HOR, with NSE, RMSE and VE values of 0.57%, 4.52% and 4.62%, respectively (Fig. 8(c) ). The poor model performance may be the result of potential dynamic and unique hydrological response characteristic differences found between the donor and ungauged catchments. The ensemble-based MP space transfer method generally failed to estimate the peak flows in all the MP sampling scenarios (i.e. when all parameters, influential parameters for highand low-flow variations, were sampled) (Fig. 8) .
Runoff simulation for each time step based on equation (2) can be ranked and a likelihood weighted runoff distribution at each time step can be generated. Figure 9 shows such likelihood weight-based simulated runoff plots at catchments AUS, GRS and HOR. The 90% prediction limits bracketed 91% and 96% of the observed flows at catchments AUS and GRS (Fig. 9(a) and (b) ), respectively. However, wide prediction limits at certain time steps were also apparent. The two catchments fall in the same temperature zone where the temperature input was extracted from the same climate station. The record at the local climate station shows that the temperature had risen during the second week, fallen in the third week and risen in the fourth week of April 2007. In April 2009, the temperature increased sharply from below zero. The rise in temperature increases the share of the precipitation input that becomes rainfall and local snowmelt, increasing the soil moisture available for runoff generation (Fig. 2) . The hydrological model responded to the changes in the input data. However, the runoff observation showed that the hydrological responses at the catchments were delayed. The differences between the modelled and observed runoff values may be attributed to the nonrepresentativeness of the temperature input data. The hydrological model captured the dynamics of the hydrological response at catchment HOR. However, the 90% prediction limits bracketed only 72% of the observed flows (Fig. 9(c) ). The significant hydrological response variability of the HOR catchment contributed to the poor model performance. This may be due to the combined effects of non-representativeness of the input data, groundwater and the relatively high temperature during the winter and snowmelt seasons. Further research is needed to identify what causes the large catchment response variability at the low elevation ranges of the study area.
DISCUSSION
Availability of unregulated catchment runoff is among the most important areas of decision support information for efficient planning and management of water resources systems. Owing to the infrastructure developments taking place within water resources systems, insufficient funding and lack of incentive for observations, access to such information is becoming increasingly difficult. Estimating catchment runoff by applying the traditional hydrological model calibration-verification framework (Blöschl and Sivapalan 1995) in ungauged and regulated catchments is limited by the lack of, and modifications to, the conditioning data. The HBV hydrological model is the model of choice for operational hydrology in the Nordic climate region (Bergström 2006) . Our study aimed to provide guidelines to expand the model application to ungauged and regulated catchments in the study area and region.
The step-wise combination of CATRs applied in this study to maximize model performance for the ungauged catchments indicated that marginal advantage in model perfomance may be gained when either A, BFI and BOG, or A, BFI and MAP are part of the CATR combination (Table 3) . However, utilizing all the CATRs in the posterior likelihood computation (equation (4)) also resulted in comparable model performances. Studies have suggested that the aridity (or wetness) index is a useful variable to explain hydroclimatic features of catchments (Yadav et al. 2007 , Oudin et al. 2008 . In the present study area, water for evaporation is abundant and the evaporation rate is mainly limited by the available energy. As a result, the range of aridity index values (computed as ≤0.50) is narrow, signifying the shared hydroclimatic characteristics between the catchments (Zelelew and Alfredsen 2014) ; however, the influence of the aridity index on the posterior likelihood computation is insignificant.
Our study investigated the applicability of the ensemble-based runoff estimation approach introduced by McIntyre et al. (2005) in a new study area. We also followed systematic approaches to select donor catchments and sample MPs. For the donor catchment selection, both physiographic and micro-hydroclimatic variations were considered. The upper part of the study area shows consistent seasonal hydrological response variations compared to the lower parts, where more frequent hydrological response characteristics are apparent (e.g. catchments AUS and GRS versus HOR in Fig. 8 ). The resampled mean elevation zones (Fig. 1 ) matched the catchment locations having similar micro-hydroclimates; hence, the re-sampled mean elevation zones were used to select the neighbouring donor catchments. Similar regional hydrological response patterns in the present research area were also identified in a previous study (Zelelew and Alfredsen 2014) . Similarly, the three MP sampling scenarios were set based on the Sobol-VBSA pre-analysis results (Zelelew and Alfredsen 2012) . Though uncertainty in model prediction is linked to errors in the model structure, input data, parameter interactions and estimated MP values , it is also highly dependent on how the uncertainty is apportioned and linked to the MPs (Saltelli et al. 2004) . It is therefore essential to minimize the model parametric dimensionality by identifying MPs that significantly influence the model response variations. This approach assists in the assessment of the HBV hydrological model performance ranges for estimating representative runoff values at the ungauged catchments responding to the input data information content.
The MP space transfer analyses revealed that ungauged catchment runoff estimation cannot be guaranteed by transfer MP sets from a single physiographically nearest donor catchment (Fig. 5) . Yet, the model performances at the ungauged catchments were improved when MP sets from multiple donor catchments were integrated. Model performance at a given catchment is influenced by several factors, including model structure, error in the input and conditioning data and parameter interactions (Jakeman and Hornberger 1993 , Vrugt et al. 2002 . The model performance was reasonably good (NSE ≥ 0.70) at 45% of the study catchments (i.e. at catchments GJU, AUS, GRS, TAN and KIL in Fig. 7 (a) and (b)) and low (0.50 > NSE < 0.65) at 45% of the study catchments. The variation in the model performance was due to the significant influence of one or combinations of all the abovementioned factors. It is also an indication of the limitations of the MP spaces to search for effective MP sets. The steep slopes in Fig. 7(a) and (b) show the transition from the least-effective to most-effective MP sets to simulate the runoff at the ungauged catchments. But, the near-flat slopes following the steep slopes suggests that (1) effective MP sets have been found within the extent of the available information for the present study and (2) applying MP sets of multiple donor catchments maximized the model performance at the ungauged catchments by supplementing the lack of effective MP sets at the donor catchments. The overall results indicated that integrating the MP sets of multiple donor catchments from two to six donor catchments benefitted the ensemble-based MP space transfer approach to improve the model performance for the majority of the study catchments. Related hydrological studies also suggested that the number of donor catchments required to improve hydrological model performance at ungauged catchments varies from 5 to 10 (e.g. McIntyre et al. 2005 , Oudin et al. 2008 , Zhang and Chiew 2009 , Patil and Stieglitz 2011 , Shu and Ouarda 2012 .
Much of the uncertainty in ungauged catchment runoff estimation is due to the lack of knowledge about the catchment behaviour and conditioning data. As a result, it is a challenge to quantify all the model prediction uncertainty that exists. In such circumstances, the ensemble-based modelling framework approaches followed in the present research work and previous studies (e.g. McIntyre et al. 2005 , Buytaert and Beven 2009 , Winsemius et al. 2009 ) are ways of quantifying uncertainty, thus accepting the existence of these problems and learning about the catchment's hydrological response characteristics to consider alternative approaches for ungauged catchment runoff estimation.
SUMMARY AND CONCLUSIONS
Runoff estimation at ungauged catchments is one of the key issues challenging water resource planners, managers and decision-makers. In this study, the HBV hydrological MP space transferability options to estimate runoff at 11 ungauged catchments were investigated. MP sets from a single physiographically nearest, five neighbouring and all potential donor catchments were transferred to ungauged catchments. A jackknife procedure was applied to evaluate the model performance at the target ungauged catchments. The full range of the model performance was assessed when all parameters and influential MP for high-and low-flow variations were sampled. The NSE, RMSE and VE model efficiency measures were applied to evaluate the model performances.
The MP set information transferred by the direct MP space transfer method to estimate the runoff at the ungauged catchments increased towards the neighbouring donor catchments and ensemble-based MP space transfer approaches. The results indicate that increasing the size of MP sets for searching effective MP sets improved the model performance at the ungauged catchments. Thus, better model performance was achieved by the ensemble-based MP space transfer method at the majority of the ungauged catchments considered in this study (Fig. 5, top and middle plots) .
By applying the ensemble-based MP space transfer method and starting from the MP sets of any donor catchment, the model performance was bracketed between the highest possible and lowest model performances (Fig. 6) . In general, integrating MP sets from one to six donor catchments supplemented the lack of effective MP sets at one or combinations of several donor catchments and significantly improved the model performances. Moreover, integrating further MP sets stabilized the model performance by minimizing the RMSE and VE. The results also reveal that, despite the influence of the starting donor catchment MP sets, the model performance converged to an average model performance when all the potential donor catchment MP sets were integrated. The performance convergence characteristic of the ensemble-based MP space transfer approach generalizes its applicability to estimate runoff at ungauged catchments in the study area. This study provides guidelines to extend the application of HBV hydrological model at ungauged catchments in the study area and wider region in the face of increasing scarcity of conditioning data due to infrastructure developments taking place within the water resources systems and insufficient funding for runoff observations.
The transferred MP sets simulated the runoff relatively well in areas where consistent hydrological response patterns are found and poorly in areas where frequent hydrological response patterns are evident. This suggests that the applications of the hydrological MP space transfer methods are influenced by the availability of similar hydrological response characteristics between the donor and ungauged catchments. Extending the study area extent and accommodating more potential donor catchments will benefit the search for effective MP spaces and improve the model performance at the ungauged catchments.
